Pandemics have the potential to cause immense disruption and damage to communities and societies. In this paper, we model the influenza pandemic of 2009. We propose a hybrid model to determine how the pandemic spreads through the world. The model considers both SEIR-based model for local areas and the network model for global connection between countries referring to data on international travelers. Our interest is to reproduce the situation using the data of the early stage of the pandemic and to predict the future transition by extending the simulation cycle. Our simulation result predicts the second peak of the pandemic in the real world by considering the factors of tendency of seasonal influenza and people's reaction against the infection. Without considering these factors, the simulation does not predict the second peak of the pandemic in the real world. We conclude that the seasonal tendency and people's reaction are important factors for the spreading of the pandemic.
Introduction
Since the spring of 2009, we have experienced an influenza pandemic, called the Influenza A (H1N1) Pandemic. This pandemic started around March 2009 and it is suspected that it originated in Mexico. 1 On 24 April, the World Health Organization (WHO) announced the emergence of this swine-derived, novel strain of influenza. At that time, some cases had been already confirmed in Mexico and the United States. By 1 May, one week after the WHO's alert, cases of outbreak had been reported in nine other countries. It spread all over the world in a few months and caused a large number of local infections. 2, 3 The mortality of H1N1 varies in different research reports. This is because the spread was worldwide and over a long span of time. Since the total number of infected cases is too large and unknown, it is difficult to estimate the approximate mortality rate. By late April 2009, the WHO Rapid Pandemic Assessment Collaboration estimated that the fatality ratio was 0.4 in Mexico, and clinical severity appeared less than that seen in the influenza pandemic of 1918, but was comparable with that of 1957, while the fatality rate of seasonal influenza was less than 0.1%. 4 However, the severance decreased as the pandemic spread. As of 4 December 2009, the WHO reported that the total number of specimens reported positive for the H1N1 virus by National Influenza Centre laboratories was 220,641 and the number of deaths was at least 8768 in the world, with a mortality rate of about 0.04. 5 As of 12 December, the Centers for Disease Control and Prevention (CDC) estimated at most 55 million cases and 11,160 deaths, with a mortality rate of 0.0002. 6 The British Medical Journal reported that a study led by Sir Liam found a death rate of about 0.03% in those infected. 7 Thus, we assume that the mortality rate of H1N1 is at most comparable with seasonal influenza.
We need real data on the number of cases to use it in our simulation and to compare it with our simulation result. However, after 6 July 2009, the WHO has been publishing the number of expected cases by regions instead of the number of laboratory-confirmed cases in each country. 3 This is because it is hard to count the exact number of laboratory-confirmed cases in a country due to the large number of patients suspected to have the illness. Thus it is difficult to obtain the data on the exact number of infected cases.
In order to observe the transition of the pandemic with a fixed criterion, we refer to the percentage of visits for ILI (Influenza-like Illness). This method is used as the criterion for the epidemic in the United States, Canada, and European countries. Although this method considers Influenza A/H1N1 and also other types of influenza, it can be a good criterion to observe the transition of the pandemic, since most cases are by A/H1N1 in this year.
8-10 Figure 1 shows the transition of weekly percentage of visits for ILI from week 16 of 2009, the beginning of the pandemic, to week 5 of 2010. [9] [10] [11] [12] [13] [14] We divide the data into two figures due to the different scales. Figure 1(a) shows the transition in the United States and Canada. Figure 1(b) shows the transition in eight European countries. The figures indicate that each country had a tendency for the first peak to occur in early or middle summer. A depression came after the first peak, with the second peak arriving during the winter season, with far more cases in many countries.
We expect that the spread is much influenced by seasonality. The influenza tends to spread more in the winter season than in the summer season. Thus we consider seasonality in our simulation. In addition, we expect that the spread of the pandemic is based on the traffic pattern. Hence we propose a hybrid model, which considers both local and global infections. For the local infection, we use the SEIR model considering each country's condition, such as domestic population and population density. For the global infection, we use a network-based model considering international travelers, which is derived from real data. In addition, we consider the concept of people's reaction against the infection, assuming that people take preventive measures and the infection probability decreases as the disease spreads. We compare the simulation result with the real record on the transition of the number of infected cases and find important parameters that influenced the pandemic.
Related research
Simulating the spreading of infectious disease has been studied in the past. We discuss the differences between this work and other related research. Firstly, a lot of research about simulating disease spread focuses on a prevention/mitigation strategy by comparing the base simulation and an alternative simulation that considers the proposed strategy (e.g. Carrat et al.; 15 Germann et al.; 16 Kelso et al.; 17 Longini et al.; 18 Patel et al.; 19 Weycker et al.; 20 Colizza et al.; 21 Hufnagel et al. 22 ). In addition, most of existing research simulates with an imaginary situation that models the real world (e.g. Carrat et al.; 15 Germann et al.; 16 Patel et al.; 19 Weycker et al.; 20 PastorSatorras and Vespignani; 23 Glass et al.; 24 Eubank 25 ). On the other hand, we focus on the reproduction of the real pandemic using a real situation. We model the pandemic, compare the results with real data, and explore the key factors that influenced the spread. Although these critical factors could provide hints that would help contain the spread of the disease, this paper does not directly propose a prevention strategy.
Secondly, much research considers the spread of infectious disease from either the local or global point of view (e.g. Kelso et al.; 17 Patel et al.; 19 Weycker et al.; 20 Glass et al.; 24 Jenvald et al. 26 ). In addition, much research simulates using one of the equationbased (e.g. Susceptible-Infected-Removed (SIR) or SEIR differential equation model), agent-based, or network-based models (e.g. Glass et al.; 24 Chowell et al.; 27 Deguchi et al.
28
). On the other hand, we simulate the pandemic from the global point of view, considering local infection in each country. In addition, we use a hybrid model that considers both the SEIR-based model and network-based model using the concept of the agent-based model.
Thirdly, simulation parameters determine the path of spread. Some research values the basic reproduction number R0 as an influential parameter (e.g. Kelso et al.; 17 Colizza et al.; 21 Ferguson et al. 29 ). We do not determine R0. In our simulation, we first consider setting the parameters so that the result corresponds with the actual situation in some countries in terms of the number of cases. Then we simulate further experiments using the same set of parameters. This is based on the assumption that R0 varies according to country.
There are some research papers that use similar simulation models to ours, such as Colizza et al., 21 Hufnagel et al., 22 Hyman and LaForce, 30 and Rvachev and Longini. 31 Their models use the developed SIR equations model considering global connection, such as the number of airline passengers, and local conditions, such as city population. These models are very similar to ours in terms of the combination of global and local infection. Some of them also consider the seasonality. However, there are two major differences from our model. First, our model considers population density for local conditions. In some of the above references, researchers consider the contact or infection rate and use the same value for all areas simulated. We assume that the local infection rate varies according to local conditions and becomes higher in denser areas, since people have a greater chance of contact. We factor in actual population density into computing local infection rate as an alternative to the contact or infection rate. This makes our model simple, since we do not have to estimate the contact or infection rate. Second, we consider a concept of people's awareness, assuming that people take preventive measures against the spread of outbreak and the infection rate decreases as the disease spreads. It is certain that information of an existing outbreak works to provide better precautions in the real world. This concept has European Centre for Disease Prevention and Control, 13 and World Health Organization/Europe Influenza Surveillance 14 )
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not been considered in previous research. In addition, for a minor difference between the related research and ours, others at first estimate the parameter values and simulate with them, while we first simulate with changing parameter values and find an appropriate parameter value by using the simulation result. This is because we focus on getting simulation results closer to the real world.
Our aim is to propose a simple model that is applicable for a general pandemic, not only for the H1N1 influenza of 2009, using simple equations and a few numbers of parameters. With this model, we have modeled the influenza pandemic of 1918-1919, the influenza pandemic of 1957-1958, the SARS pandemic of 2002-2003, and some potential pandemics with different origins, and these simulation results agree with the real record. 32 
Modeling
Previous attempts to model the spread of infectious diseases tended to fall into one of two categories. Equation-based models, such as the SEIR model, are suitable for large-scale spreading of diseases. These models use just a few parameters to reproduce the spreading phenomenon. However, it is difficult to reflect the detailed situation in countries that have different local infection conditions. Network-or agentbased simulation models can theoretically reflect the detail of individual conditions. However, modeling large-scale global diseases is difficult, as too many parameters are needed for simulation. Thus we propose a hybrid model. We make a simple model using a small number of parameters and make it capable of simulating a general pandemic. One could argue that the SEIR model can be extended to meta-population models that allow for varying local conditions. In addition, network-based models are not limited by too many parameters as much as computation time. However, by decomposing the two different situations, we are making the model more understandable. Network models with suitable macroscopic assumptions will not require more computation time and all our simulations are done on a desktop personal computer (PC).
We simulate using several countries. When we think of an infection in a country, there are three possibilities for new infection: (1) infection from foreign travelers; (2) infection from returning travelers; and (3) infection from local residents. Figure 2 illustrates this concept. We denote infection types (1) and (2) as global infections and infection type (3) as the local infection.
We use the concept of the SEIR model, which considers four types of agents in each country: Susceptible, Exposed, Infectious, and Removed. Susceptible agents are infected by Infectious agents and become Exposed agents. Exposed agents are in an incubation period. They are infected and incubating, but not yet infectious. After that period, Exposed agents become Infectious agents. Infectious agents infect Susceptible agents. Infectious agents become Removed agents after the infectious period. Removed agents are never infected again because they are now immune. In our simulation, agents do not move but only the agent changes the state in a country. Figure 3 illustrates this concept of the SEIR model.
At the beginning of the simulation, the number of Susceptible agents in each country is equal to the population of each country. Then we put an Infectious agent in the origin of the pandemic (i.e. Mexico). The local infection spreads in the origin and the global infection also spreads from the origin to other countries through global traffic. When a country has at least one Infectious agent, that country has the potential for local infection. Figure 4 shows this concept.
The global infection is caused by traffic from the infected country. We divide this into inbound and outbound traffic. The number of new Exposed agents by the global infection in country i at time t, NEG i ðtÞ, is calculated by the expression where I j ðtÞ is the number of Infectious agents of country j at time t, where T ji is the total amount of traffic from both country I to j and from j to I, and P Ã G ðtÞ is the travel factor reduction at time t and is calculated by the expression
where P G is the basic travel factor reduction between countries and D G is a 'deductor' for the global infection. The time (simulation cycle) is denoted by t. P G and D G are constants and are uniformly used for every country. Thus the travel factor reduction, P Ã G ðtÞ, decreases along the simulation cycle. We assume that, in the real world, the global infection occurs with high probability in early pandemic due to the lack of awareness of the disease. As the disease spreads, people take preventive measures against the infection and the pandemic decreases. We apply this concept in the simulation. The number of Exposed agents in country i at time t, E i ðtÞ, is updated by adding NEG i ðtÞ to E i ðtÞ at each simulation cycle. The number of outgoing exposed individual agents is calculated by multiplying the outgoing travelers with the travel factor reduction, but we ignore the number of incoming and outgoing travelers for the total population in a country. Thus the total population does not change in a country, since the number of travelers is very small compared with the total population. We do not account for the distance traveled or probability of layovers. We do account for the exact numbers of travelers' entries and departures, which cover air, land, and water, referring to real records. 33, 34 We assume that the local infection probability depends on the population density of a country. Thus if the country is dense, people are more likely to be infected. The basic local infection probability of country i, P Li is given by the expression
where Density i is the population density of country i, obtained by real data. Thus Density i differs by country. C 1 and C 2 are constants and are used for simulation in every country. We assume that the number of new Exposed cases of a country by the local infection depends on the number of Susceptible agents and the number of Infectious agents at that time. Thus the number of new Exposed agents by the local infection in country i at time t, NEL i ðtÞ, is calculated by the expression where S i ðtÞ is the number of Susceptible agents of country i at time t. At the beginning of simulation, S i ð0Þ is equal to Population i . I i ðtÞ is the number of Infectious agents of country i at time t. P Ã Li ðtÞ is the local infection probability at time t and is calculated by the expression
Where P Li is the basic local infection probability of country i, which is obtained by Equation (3) . D L is a 'deductor' for the local infection and is a constant that is used for every country. t is time (simulation cycle). Similar to the global infection, the local infection probability P Ã Li ðtÞ decreases as the simulation cycle increases. This reflects people's awareness. ILI i ðtÞ is a factor to reproduce seasonality. We explain this factor in a later section. The number of Exposed agents in country i at time t, E i ðtÞ, is updated by adding NEL i ðtÞ to E i ðtÞ at each simulation cycle.
We just record the number of individuals in each country for the change from Exposed agent to Infectious agent and Infectious agent to Removed agent. The number of new Exposed agents is calculated by expressions (1) and (4). Exposed agents change to Infectious agents after an incubation period. Infectious agents change to Removed agents after an infectious period. Thus each agent population fluctuates during the simulation. Table 1 summarizes parameters in the simulation. We have eight controllable parameters, which are denoted as constants in Table 1 . These parameters are used for every country uniformly. Other parameters are derived from real data and depend on country.
Seasonality
We expect that the spread of the H1N1 influenza of 2009 is influenced by seasonality. In order to realize the seasonal factors, we consider the historical tendency of influenza in each country. Thus we refer to the weekly percentage of visits for ILI in recent years. We expect that the percentage of visits for ILI is influenced by seasonal conditions and comprehensively indicates the spread of influenza. We consider the weekly percentage of visits for ILI in recent years to model the seasonality in transition of the H1N1 influenza pandemic of 2009. Note that we do not consider the ILI data of 2009 for simulation in order to avoid the influence from the 2009 pandemic upon the simulation. We use just ILI data of the past several years for simulation. Figure 5 shows the transition of the average weekly percentage of visits for ILI in 10 countries in historical data. Figure 5(a) shows the United States and Canada. 10, 35 Figure 5(b) shows eight European countries. 13, 14 We refer to data from 1999 to 2007 for the United States, data from 1996 to 2008 for Canada, and data from 2004 to 2008 for eight European countries, and take the average for each week. For convenience, we show the transition from the 16th week of year, since the pandemic starts from that week.
In order to consider this data in our simulation, we apply the weekly percentage of visits for ILI for the local infection. Let ILI i ðtÞ be the percentage of visits for ILI of country i at time t. Then the number of new Exposed agents of country i by the local infection at time t, NEL i ðtÞ is calculated by expressions (4) and (5). Thus NEL i ðtÞ fluctuates depending on not only the number of Susceptible and Infectious agents and the local infection probability, which depends on the population density, but also the average weekly percentage of visits for ILI. Since the average percentage of visits for ILI in recent years comprehensively indicates the influence by seasonal condition of a country, we expect that it can be used for the local infection. Since we regard seven cycles as one week in our simulation, we apply the percentage of visits for ILI in a country as follows. The simulation starts from week 16 of 2009. Thus, for each country for the first seven cycles in our simulation, we apply the average percentage of visits for week 16 in the historical data in a country as the local infection for the country. For next seven cycles, we apply the percentage for week 17 in the historical data. 
Simulation and results
For the global infection, we refer to the number of travelers between countries. 33, 34 Since we assume that the origin of the pandemic is Mexico, we look at the number of travelers from/to Mexico. We sum up the number of inbound and outbound travelers in Mexico, and find some countries that have a strong relationship with Mexico in terms of the number of travelers. From this, we select top five countries as the United States, Canada, France, Spain, and the United Kingdom. We assume that a country which has a strong relationship with Mexico is likely to import an early case of the influenza. According to the WHO, 3 all of these five Figure 5 . countries were infected within eight days of the WHO's first announcement of the emergence of the novel influenza on 24 April. The United States had been infected before that. Thus these five countries have a higher possibility of being infected directly from Mexico. Next we examine the number of travelers from/to these five countries and find the top five related countries of these five countries. In this way, we find a total of 13 countries including Mexico: Belgium, Canada, China, France, Germany, Ireland, Italy, Japan, Mexico, Portugal, Spain, United Kingdom, and the United States. Of these 13 countries, we simulate 11 countries, excluding China and Japan since these countries use different counting methods and percentage of visits for ILI. We complete the travelers table among these 11 countries and use it for our simulation. For the local infection, we refer to the actual population and population density of these 11 countries. 36 At the beginning of the simulation, we place 18 Infectious agents in Mexico and seven Infectious agents in the United States, based on the WHO's report as of 24 April 2009. 3 Our interest is to predict the future transition of the spread using data of the early period of the pandemic. Thus at first we set the parameter so that the simulation result corresponds to the intermediate situation as of 6 July 2009, the date of the last report for each country by the WHO. Then we extend the simulation run cycle, using the same parameters in order to simulate the future. We set the parameter values so that the number of cumulative cases in our simulation result becomes close to the number of the laboratory-confirmed cases in three countries as of 6 July, the United States, Mexico, and Canada, whose number of reported cases were most significant among all countries at that time. We simulate for 10 weeks from 24 April. For this simulation, we set the run cycle as 70, so that seven cycles in the simulation correspond to one week in the real world.
We set the parameter values as shown in Table 2 . C1, C2, and other parameter values are determined by trial and error, more accurately using the greedy local search technique. Figure 6 shows the comparison between our simulation result and the real data as of 6 July 2009 in 11 countries. The number of cases in the United States, Mexico, and Canada almost correspond to each other.
Next we extend the simulation cycle to simulate the situation after 6 July. We extend to 364 cycles, which matches 52 weeks, 1 year, in the real world. Figure 7 shows the simulation result regarding the expected infection route. This figure shows how the pandemic spread from Mexico to the rest of the world by our simulation result. We assume that the United States is infected by Mexico at a very early period of the pandemic. Next, Canada, the United Kingdom, and France are also infected through the United States. Then, the pandemic spreads from France to its neighboring countries, such as Belgium, Germany, and Italy. The pandemic, which spread to United Kingdom, reaches Spain and Ireland. Spain also infects Portugal.
According to our simulation, the pandemic that occurs in Mexico tends to spread to North America and European countries through the United States. In Europe, France and the United Kingdom act as hub countries for the spread. Considering the number of travelers in the real data, the pandemic originates from Mexico and tends to spread to other countries through North America or Europe. South America is geographically near to Mexico, but it is not infected earlier than other regions since it is not closer to Mexico compared with other regions in terms of traffic. Thus South America tends to be infected after European countries are infected.
Next we look at the simulation result on the transition of infected cases. Our interest is to predict the transition of the pandemic by using only data at the early time of the pandemic. Since the data on the percentage of visits for ILI are available in the United States, Canada, and eight European countries, we simulate with these 10 countries in the following section. In Figure 8 we show the simulation result, which takes into account the historical seasonal influenza data. Note that in this figure, the number of cases in the simulation result is based on the number of laboratory-confirmed cases. Thus it is expected that the actual number of infected cases is much more, since many infected people are not confirmed at a laboratory. In addition, since we apply the percentage of visits for ILI in each country for the local infection and its unit is different with the number of cases, it may not be good to compare the simulation results with the real data in terms of the number. Thus we focus on the transition of the spread rather than the number of cases. By applying the historical percentage of visits for ILI, simulation result can reproduce the two peaks of the pandemic in the summer and winter seasons. The United States and Canada have their first peak around Cycle 80. After some decreases, the number of cases increases from around Cycle 230 due to the winter season. The second peak comes around Cycle 300. After the peak, the number of cases decreases. The tendency of the transition is similar to that in the United States and Canada in the real world; the first spread is In Figure 8 , the transition in the simulation result seems a little delayed compared with that in the real data in Figure 1 . This is because the simulation refers to the historical tendency. As Figure 5 shows, in many countries, the peak of seasonal influenza usually comes between week 52 of one year and week 8 of the next. Thus the simulation result reflects this tendency. On the other hand, the peak of winter season in 2009-2010 came between week 42 and week 48 in many countries, as Figure 1 shows. Therefore the peak of influenza of 2009-2010 is earlier than that of usual years. One possible reason for the earlier peak may be people's awareness. People were aware of the spreading of the novel influenza from summer, and that made them quickly take countermeasures against the second peak, which resulted in the earlier convergence of the peak.
Discussion
In our simulation, we consider the seasonality (i.e. ILI as a simulation parameter) and people's reaction against the spread of infection (i.e. deductor). One might question the necessity of seasonality and argue that people do not change their behavior under the outbreak situation. To answer such a question, we simulate again without considering the ILI parameter or the deductor parameter.
As in the previous experiment, we begin with reproducing the early situation, the situation as of 6 July in the United States, Mexico, and Canada. We change the parameters a little so that the number of cumulative cases in the simulation result corresponds with that in the real data as of 6 July. Specifically, we change the value of C2 a little. Figure 9 shows the transitions of the number of infected cases for the United States as of Cycle 364 for three cases: with both ILI and deductor, without ILI, and without deductor. For easier comparison, we show only the United States case and the Y-axis for the number of cases is in log. The numbers of cumulative cases as of Cycle 70 are all same, so that that numbers correspond with that in the real data as of 6 July.
When we do not consider the seasonal factor, the spread is transient and there is only one peak. After the peak, the number of cases decreases to the end of simulation. In addition, when we do not consider the deductor, the infected cases are significant, comparable to the total population of the United States. In addition, the transition is also transient. After the peak, the number of cases rapidly decreases. This is because of the lack of Susceptible agents. These transitions do not correspond with the real data. In the real world, there have been two peaks, as Figure 1 shows. Thus we expect that the pandemic is influenced by the seasonal conditions and people's awareness of the existing pandemic.
We consider that ILI and the deductor are necessary simulation parameters to model this pandemic. Seasonality is needed to reproduce the circulation of the spread. Although people may not change their behavior dramatically, it is certain that information about an existing outbreak provides for better precautions. That is the power of information, especially with the multiple ways of conveying information. At the local level, some people take a quick countermeasure, such as washing hands, wearing a mask, and avoiding crowded places. They may go to hospital under the outbreak situation even if they have only normal fever and, if available, may take vaccination in advance. In addition, it is certain that some schools are closed to prevent the spreading of infection. At the global level, some countries take a preventive measure, such as the intensification of quarantine and sometimes even prohibition of entry from infected areas. The CDC, WHO, and other health organization announce the warning and countermeasures locally and globally. We assume that such local and global measures work for the quicker conclusion of a pandemic and take this concept into our simulation model (in addition to conclusion by the original SEIR model's system). Although the pandemic eventually dies away with only the SEIR model, the simulation results show closer correspondence with the real record by introducing the 'deductor', as shown in Figure 8 .
Conclusions
In this paper, we modeled the influenza pandemic of 2009, considering international travel. Our interest was to predict the future transition of the spread by using data of the early pandemic. At first, we reproduced the situation of the early stage of the pandemic. Then we extended the simulation cycle to predict the future transition. In our simulation, we took into account historical data for the seasonal influenza and people's reaction against the spread of the pandemic. The simulation result showed two peaks, which came in the middle-late winter in 2010. We used only the data at the early pandemic, as of 6 July 2009, in our simulation and we found that our simulation result showed almost identical tendencies when compared with the real situation.
To verify the necessity of factors for seasonality and people's reaction, we had experiments without considering these factors. Without these factors, the simulation result did not show the two peaks that were shown in real data. Thus we conclude that this pandemic is influenced by the seasonal influenza's tendency and people's reaction.
In this research, we determined the parameter values by trial and error. We have not used optimization techniques to find more appropriate values and did not formulate this as a global optimization problem. That will be the topic of future research.
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